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Abstract

In this paper, we study several issues in motion estima-
tion and object recognition. First, we compare the per-
formance of two hierarchical and integrated methods in
motion estimation. Second, we address the use of a sim-
ulated annealing algorithm for object recognition. This
algorithm is then adapted for vehicle identification.

1 Introduction

The structure of a information processing system can
be classified as a hierarchical structure, an integrated
structure, or a mixed one.

In a hierarchical or layered system, data processing is
divided into different levels. In each level, some ab-
stract information is extracted and sent upwards as the
input to the next/higher level. Hence, the higher the
level, the closer we are to a conceptual understanding.
A vision system is a good example of a hierachical sys-
tem [1]. One advantage of this type of approach is
its explicit structure, which makes the system easier to
implement, maintain and understand. Another advan-
tage is that it is more efficient, as the amount of infor-
mation needing to be processed decreases significantly
with level. Despite these advantages, current problems
include the lacks of guideline for dividing information
levels and the lack of a guarantee that a globally opti-
mal result can be achieved.

Integrated methods, on the other hand, export out-
puts of different conceptual levels simultaneously with-
out partitioning the processing procedure into discrete
levels. An example is a motion estimation system that
deals with the whole sequence of images as a 3-D stack
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with two spatial coordinates and one temporal dimen-
sion [2]. This system estimates velocity without ex-
tracting feature components such as corners and bound-
aries. Hence a possible advantage of integrated systems
is that it is unnecessary to maintain a large set of dif-
ferent algorithms. Also, if a good searching algorithm
is integrated into this system, it is possible to force the
result to a “good” local optimum or even the global
optimum. In practice, the main disadvantages of this
approach include the heavy computational burden and
lack of understanding of the mechanism of the system.

Currently, the answer to the question of which type
of structure to adopt is still an empirical one. In the
next section, we compare the perfomance of these two
approaches on a 1-D motion estimation problem.

Based on the results of the comparison, we develop the
integrated model-based algorithm for object recogni-
tion, which can be applied to vehicle recognition in a
traffic surveillance system.

2 Comparison of Hierachical and Integrated
Algorithms

2.1 Construction of a 1-D Motion Estimation
Model

We consider a 1-D motion estimation system in order to
compare the performance of hierachical and integrated
methods quantitatively. This model comprises a 1-D
black background with a 1-D white object moving at a
constant velocity against the background. The size of
the background is L pixels, and the length of the object
is I (I unknown). Given N frames of “snapshots” taken
at times tg, t1,..., tny_1, we wish to estimate the motion
velocity v and the object size [. We assume the data
are noise corrupted; i.e., a black pixel has probability p
to be presented as a white one, and a white pixel has
probability p to be presented as a black one, with all
pixels independently corrupted. We also assume L>>1
and that the object is far from the ends of the back-
ground to avoid boundary effects. The analysis of the
effects of the corruption probability p is performed for
small values of p (p < 10%). In the analysis we use



1’s to represent white pixels and 0’s for black pixels.
Hence each “snapshot” (frame) is a vector composed of
1’s and 0’s, and the stack of frames is a matrix of 1’s
and 0’s.

2.2 Hierarchical Approach

The hierarchical approach consists of three steps:

1. Identifying the object in each frame;

2. Determining the center of the object in each frame;
3. Performing linear curve fitting of the position of the
center of the object with respect to time; thus, its slope
is the desired velocity.

The maximum-likelihood (ML) method is adopted for
identifying the white object against the black back-
ground. For a frame at time ¢, let the observation of
pixel = be I(z,t) € {0,1}. Assume the true endpoints
of the object are located at z,: and z.:. Hats are used
to denote estimates, i.e., estimates of =, and z.; are
denoted by 7, and Z.;. Note that | = x4 — 2o + 1
and [ = T.;—T,;+1. The maximum likelihood method
is:

since 1 —p > p,

(Tot,Tey) = arg max Z 2I(z,t)

To,t Le,t
To,t <x<ZTe ¢

= (Te,t — w0 +1)]. (1)
The center of the object is then calculated as

7= = Tt +Tet)

, . e

Using the estimates for the positions of the centers for
t=0,...,N —1, the velocity is then estimated as

6 [2 Yicien (1= D) =N

V=

N(N-1)(N+1)
(3)

2.3 Integrated Approach
If we list the frames as a time sequence, then we get
a matrix composed of 0’s and 1’s. For the noise-free
case, the 1’s (white pixels) form a parallelogram under
the assumption of constant velocity. The integrated
method is based on this fact.

The maximum-likelihood approach is again used to esti-
mate z, (the position of the left end point of the object
at time 0), [, and v. By a similar calculation, we obtain

(75,1,7)

= arg max Z

To,l,v

lzottv|<z<|zot(I—1)+tv]
0<t<N-—1

[21(x,t) = 1] | ,

(4)

(Srcien 7o) |

where |«| denotes the largest integer less than or equal
to a real number a.

2.4 Analysis of the Hierarchical Algorithm
We use the magnitude of E [(v - ﬁ)Q] as the measure

of performance. From (3), we have
36

E|(w-97] = BT AR
where
A= Y (2=2= NPE (s — 7ei)’]
1<i<N
and

B:=2 Y (2i-2-N)(2j-2-N)
1<i<j<N

“E(et; —Te;)| E [(xc,tj - @)] :

From the procedure for the ML-estimation of Z. , given
in (1), we know that if Z, ;, and Z. ¢, are selected, then
we must have

Yo 2 (w,t) | = (Fen —For, +1)
#oT, <<,
Z Z QI(matl) _(('T/e,\tz +1)_:E/07\tz+1)7

Zo; <w<icy,+1

or 2I(Z.y, +1,t;) < 1. The latter implies that
I(z.¢, +1,t;) = 0. By similar arguments, we have the
following conditions:

1. I(@cr +1, t) I(er +2,t)
—I(.’Eoti ) I( _27t1):07
I(xet) )_I(xot >t)
3. I(mo,ti + latl) + I(mo,ti + 27tl) > 17
4. I(@_latl)+l(@_27tl)zl

[\

The above rules provide a means to obtain the up-
per bounds on the probabilities P (&, |To4;) and

P (Zet,|Tey;):
1. P(Top =%op;) < (1 —p)3 (1 —pz)
2. P(for, =Top, +1) < (1-p)* (L +p)
3. P(Tor, =%or, —1) < (1-p)°(1+p)p
4. P(Toy, =20y, —2) <p(l—p)° (1-p+p?)
5. P(fer, =er;) < (1-p)° (1-p°)
6. P(Fer, =7er, —1)<(1—p)°(L+p)p
7. P(feg, =Teq, +1) < (1-p)° (1+p)p
8. P(Tep, =xey, +2) <p(l—p)° (L—p+p?)



The remaining situations are bounded by O (pz).
Hence, we obtain the upper bounds for the probabil-
ities of the different estmiates for z. s, in below:

. 1
9.P <l°c,tl- =Xy, £ 5) <2(1- p)7 (1 +p)2p

+1-p)'A+p)’ (Q-p+p?)p°

+ 0 (p3)
10.P (Tog, = we, £1) < (1=p)° (1-p%) p
+2(1-p)°(1+p)*p’

+0 (p*)
1P (a7 = 2o £ 3 ) <20-0" (407 2= )7
+0 (p3) )

3 ——
For er > 35, P(|Zci, — ey,

O (p). So E [(xc,ti - @)2} is dominated by

=er) is dominated by

2 G) 2(L-p)" (L+p)'p+2(1-p)" (1-p")p
+O () =p(L-p)" (3+4p+p) + 0 (p°) (6)
Hence A is in the order of O (3p).

On the other hand, |E [Z.; — x.,;]| is dominated by

_— 1\ 1 _ 1 1
P(Fm=rary) g r(mi=ra3) ()

— _ 1
+P (l‘cﬂ' =Tc;+ ].) 1+P (:L‘C’i =Xci — 5) (—1)‘

1

So |E [Zc,; — Zc,;]| is dominated by 2p. Thus B is dom-
inated by a quantity of the order of O (p?).

In summary, £ [(v - 5)2] is dominated by O (pN~?%).

The above results are verified by simulation results. As
shown in Figure 1(a), In E [(v - ﬁ)z} versus In NV is a
straight line with slope close to -3, as predicted. Figure

1(b) shows the relationship between E [(v - 6)2] and p.

We see that the slope of the line In E [(v - 6)2} Versus

Inp is close to 1 for p small (< 10%). When p gets
larger, the performance is worse than that specified in

(5)-

2.5 Analysis of the Integrated Method
First we discuss some issues affecting the error due to
integer rounding. A careful study shows that if we

list all the rational numbers in the form 2% (m,n are
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Figure 1: The simulation results for the hierarchical
method. (a) The plot of InE [(v—1)°] vs.
In N. Simulation is performed under the con-
dition L = 200, I = 20, v¢rue = 0, p = 0.05.
(b) The plot of In E [(v — 9)°] vs. Inp. Simula-
tion is performed under the condition L = 200,
I =20, v¢rye = 0, N = 200. Both simulations
are repeated 200 times for statistical purposes.

integers with |m| < nand 1 < n < N —1) in as-
cending order to get a sequence —1 = q¢ < a1 <

. < apy—2 < ap—1 = 1, then the integrated al-
gorithm cannot differentiate different velocities within
the interval [K + a;, K + a;11) for any integer K and
i € {0,1,...,M —1} (set apy = ap + 2). Hence,
in the following analysis, we only consider the case
where vipye = K + a; for some ¢ € {0,1,...,M —1}.
Also, E [(U - 6)2} could range from O (N~2) (e.g., for

Virue = %) to O (N*4) (e.g., for vipye = %),

depending on the true velocity.

Next we show that in the estimation process, it is not
likely that Z, # x, or ., # x. (here z, and x. are the
positions of the end points of the object at time ¢ = 0).
Note that for v = v, z, = z. + 1, and 7, = z,, we will
need to have 23" ..y I(ze +iv+1,i—1) =N >0,
or Y pcicn 1 L(@e+iv+1,i—1) > 5. The probability
of this is O (p%), which can be ignored for large V.

Similar results can be obtained for the other situations
when 7, # z, or T, # z.. Thus in the following analysis
we can safely assume 7, = x, and T, = z..

Now we consider the probabilities of each possible error.
If v¢rue = K + a;, then the most likely false estimates
are v = K+a;—1 and v = K +a;41. For each of the two
cases, there is an integer k € {0,1,... N — 1} such that
for the kth frame we have > o, n 1 I(zi — 1+ kv +



3 k) >3 ocjen—1 Lwitkv+j,k)or 3o ion_y I(zi+
L+ kv+5,k) > Yocjen 1 I(@i + kv +j,k). This
means that either I(z; — 1 + kv, k) > I(z. + kv, k) or
I(ze + 1+ kv, k) > I(z; + kv, k). The former implies
I(z;_1 + kv, k) = 1 and I(z. + kv, k) = 0; the latter
implies I(ze+1 + kv, k) = 1 and I(x; + kv, k) = 0. For
each case, the probability is p?. Similar analysis shows
that the probability that v = K + a; (for |j —i| > 1)

is of the order of O (p*). So E [(v - 6)2} is dominated
by (ai —ai_1)’ p* + (a; — aiy1)’ p?, which is O (p?).

2.6 Remarks
In the above sections, both hierachical and integrated
methods display their own merits. The integrated

method shows a higher accuracy as E [(v - 6)2] for the

integrated method is O (p?), while E [(v - 6)2] for the

hierachical approach is O (p). On the other hand, the
hierarchical method also has its advantages. First, it re-
quires less prior knowledge. In this algorithm we have
not used the assumption that the length of the object is
fixed. Second, this method is more flexible since it does
not require the “constant velocity” condition until the
last step for calculating the object velocity. Third, the
computational complexity of the hierarchical method
is lower. The number of sets of parameters needing
to be tested in each frame in the hierarchical method
is M, so the total number of parameter sets is
O (N?). For the integrated method, the number of pos-
sible (Z,,Z.) pairs is M and the possible number
of values of v is O(M) (M is as defined in Section 2.5,
so M o N?). Hence the total number of parameter sets
is O (N*).

As a hierarchical method has an advantage in tracking
moving object under complex conditions (e.g., varying
velocity, turning road), it can be used in the vehicle
tracking system. On the other hand, for processes such
as model-matching, we will use the integrated algorithm
for high accuracy.

3 Object Recognition Using an Integrated
Approach

Because vehicle classification is one goal of our system,
model matching is inevitable at some stage of process-
ing. We adopt a 3-D deformable block model instead of
the widely used wire-frame model to avoid the influence
of illumination, noise and other factors. We assume
that most of the vehicles have a different light density
than the background. This deformable model (a para-
metric, generic model) is for general vehicles. After the
match, we obtain information about the size, location,
and orientation of the vehicle. Hence this matching
process is indeed an integrated approach.

3.1 Optimization by Using Simulated Annealing
As described above, we are in fact dealing with an op-
timization problem having a large number of variables.
In order to find the best match, we use “simulated an-
nealing” (SA) to deal with the function which has a large
number of variables and multiple local minima. A cool-
ing schedule that ensures the SA algorithm converges
to a global minimal point in probability is chosen ac-
cording to [3, 4, 5, 6].

3.2 Matching of Simple Models

We first try to identify a white rectangle against
a black background. The data (pixels in the im-
age) are corrupted by noise in the same manner
as in Section 2, i.e., P(I(z,y) = 0|(z,¥)true =1) =
P(I(z,y) = 1|(=,Y)true =0) = p < 1. An example of
such data is shown in Figure 2. We have five parameters
to estimate: the dimensions of the rectangle (a,b) with
@ > b, the position of the center of the object (Z,7), and
the orientation 6, which is the angle between the lon-
gitudal axis of the object and the z-axis of the image.
Due to symmetry of the object, we take 6 € [0, 7). By a
maximum-likelihood analysis similar to that in Section
2.2, we find

)

( 7/57 &’;\7 @\7 é\) = argmaxf(a’ b7m7y70)
where (Zi, b, 7,7, 5) are the estimates for (a,b,%,7,6),
and

f (a7 b7 "I:7y79)
=ab—2 Z I(u,v).

(u,v) inside rectangle de fined by (a,b,z,y,0)

The initial estimates zy and yo for T and 7 are obtained
by studying >, ;<,, 1(i,y) versus y and 3, -, ,, I(z, j)
versus z. We expect that the columns containing the
object pixels have larger sum of pixel values than those
columns forming the background. Thus, by appropri-
ate thresholding, we pick the midpoint of the longest
segment with largest >, ., I(i,y) value as o, and
the length of the segment as an estimate for the size
of one dimension (e.g., ap). Similarly we can use the
2i<j<n (2, j) versus z graph to obtain an estimate
yo and the size of another dimension (e.g., by). We set
o = 3.
With this as the initial condition, the search is then
performed by simulated annealing and is terminated
after a certain fixed number of iterations (e.g., 2000).
Figure 2 displays an example of the experimental data.

3.3 Extension to a 3-D Model

We next consider objects that are cubes with three
dimensions ¢ > b > ¢. The location of the cen-
ter is (o, Yo,20) and its orientation is determined
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Figure 2: Matching results for a rectangular object. The
left panel is the noisy image, and the right panel
is the detected rectangle. The noise is 10% and
a =30,b=20,0 = 45°.

by («,B,7v), where «, B, and 7 are the angles be-
tween the longitudal axis of the object and the =z,
y, and z-axes, respectively. The image is assumed
to be the orthographic projection of this object onto
the = — y image plane. We would like to estimate
(a,b, ¢, xo,Y0, 20,,58,7). Due to the nature of ortho-
graphic projection, we cannot estimate zg. So we just
set z = 0 for convenience. The pixels of the projection
are white and the remaining pixels are black. The rest
of the problem is the same as in Section 3.1.

50 100 150 200 50 100 150 200

Figure 3: Result for matching a cube with a = 30, b = 20,
and ¢ = 10. The left panel is the synthesized
image. The right panel is the matching result.

The result of applying our algorithm is shown in Figure
3. It reflects satisfactory performance of the algorithm.

3.4 Construction of a 3-D Deformable Vehicle
Model

Deformable wire-frame models have been adopted in
several vehicle tracking systems [7, 8] due to their flex-
ibility. Next we develop our own deformable block
model that uses dimensional information as parame-
ters.

Our deformable vehicle model comprises three compo-
nents: front, center, and rear. The front part corre-
sponds to the hood area of the car or the extruded en-
gine containment of the trucks and some school buses.
The center is that part of the vehicle that has all the
windows; it corresponds to the main part of vans, cars,
buses, and the driver’s cab for trucks. The rear part
corresponds to the trunk of cars or the trailer of trucks.
Figure 4 shows the three parts and the related nota-
tions.

Center Part

Figure 4: The three parts of the deformable vehicle model.

The parametrization of the model is based on some
essential assumptions derived from our knowledge
and common sense. The first assumption is that all
vehicles are left-right symmetric with respect to a
plane perpendicular to the ground plane. The second
assumption is the ground plane constraint which says
the vertices on the bottom of the vehicle (A;, As,
Az, Ay, Aiz, Arg, Ass, Ase, Ao1, Aso, Ass, and A24)
are in the same plane that is parallel to the ground
plane. The third assumption is that several planes in
this vehicle model can be approximated by rectangles.
The planes A; Ay A3 Ay, Az AsaAazAss, AgAioA11 A2,
and AgsAsgAa7Ass are considered rectangles par-
allel to the ground plane; planes AgyAs3AsrAsg,
Ay Aga Azg Ass, Azq Az Azs Asg, Az Azq Agg Ao,
Az A3 A7 Ag, A1 AgAg As, ArgA13A17 Az, and
A14A15A19A13 are rectangles perpendicular to the
ground plane. The plane A5AgA7As is a rectangle
with variable orientation. Besides the assumptions,
additional constraints are listed in Table 1.

Now we can define the vehicle coordinate system.
The origin is chosen to be at the center of rectangle
A1 AA3A,. The z, y, and z directions correspond
to the rightward, forward, and upward directions, re-
spectively. The center of AgAi19A11412 is at (2,9, h).
From the symmetry assumption we know that z' = 0.
Hence the coordinates of each of the vertices can be
determined.

By putting together all the constraints and descrip-
tions, we obtain the deformable model of the general
vehicle. This model can be used to generate different
types of vehicles by varying the parameteres.

3.5 Matching the Deformable Model with the
Image Data

To match the deformable model, we need to tune 15
independent internal parameters (l1, la, I5, lg, l7, ls,
lg, ll(), l11, l13, 114, 115, 116: h, and y’) and several ex-
ternal parameters. Under the ground plane constraint,
the number of external parameters is reduced to 3 (the



Table 1: Geometrical constraints in the vehicle model

| Constraint | Meaning

Il =1l > 111 The hood is attached to

the bottom of the windshield

1.4lg < h < 1.8lg The height of the windows

is in the right range

lig > g The trunk (trailer) is not lower

than the bottom of rear window

1.505 > 115 > 1y The trunk is not narrower than

the body and not too wide

los > 1o >y The hood is not wider

than the body

lb=14 Geometric constraints

lg <ls, l5 <1y The size of the top of the
vehicle is no larger than
the bottom of the body

4

~
=

y'+32 <3 The front window tilts backward
-y + %5 < % The rear window tilts forward

location (xg,yo) of the origin of the vehicle frame and
f-the angle between the y-axis of the vehicle frame and
the y-axis of the ground frame). Thus the total number
of parameters is 18.

The result of matching the deformable model with a
synthesized images are shown in Figure 5. The data
are images with the same settings as in previous sec-
tion. We assume that the external camera calibration
information is available. The most significant feature of

(b)

Figure 5: An example of matching the deformable model
with the synthetic image. (a) The noise is 10%.
(b)The noise is 40%.

this algorithm is its tolerance to noise. In Figure 5(b),
although the restored model is deformed in the pres-
ence of p = 40% noise, its general contour still fits well
with the original model and can be easily recognized.

4 Summary

We have constructed a deformable model for vehicles
and explored the possibility of exploiting this model to
fit the image data. Most of the results are positive.
However, we do observe some problems with match-
ing. In practice, when matching the model to a bright-
colored bus with black window, the model does not con-
verge to the right position (data not shown). Analysis
shows that we need to modify our cost function to avoid
it. The long running time is another problem. Possi-
ble remedies include adding more constraints based on
prior knowledge to reduce the search space, applying ge-
ometrical constraints for multiple view matching, and
simplifying the optimization algorithm.

Our scheme for matching fits well with the notion of the
integrated approach in Section 2. The outputs such as
sizes and orientation can be used for purposes such as
classification, velocity estimation and tracking. Hence
this algorithm can be adopted for the development of a
traffic surveillance system.
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